Fall-related injuries are one of the most common injuries in daily life. Occasionally, particularly in children and the elderly, fall accidents can lead to fatal injuries. Therefore, it is necessary to clarify the mechanism of human falls and to develop a method to prevent such accidents. In previous studies, many researchers have estimated fall-related injuries, such as bone fractures, using the finite element method or a dummy. However, to adequately evaluate fall injuries, the pre-injury phase (such as avoidance or protective reactions) should be evaluated, because impact forces are related to such reactions and their ineffectiveness may be the main cause of falls in children. Therefore, in this study, infants' protective reactions were focused on as a first step in analyzing the pre-injury phase. The natural fall behaviors of 16 infants measured in a lab imitating a living room environment were captured. Then, the joint angle data were analyzed to extract the special features of fall behavior and determine the time at which the protective reaction starts. The special features of fall behavior such as the parachute reflex were extracted using the principal component method. In 12 out of 16 cases, the start time of the protective reactions was extracted using the singular spectrum conversion method. Then, the durations of protective reactions and skill of protective reactions were defined using principal component analysis. Using these definitions, we propose an evaluation method for the effectiveness of protective reactions in different fall behaviors.
Introduction
Fall-related injuries are one of the most common injuries in daily life. According to the report from the National Consumer Affairs Center of Japan (National Consumer Affairs Center of Japan, 2013a), fall-related injuries at home account for roughly half of all injuries in children under 12 years old, as collected by the medical establishment. Data for the elderly (those over 65 years old) indicate that fall-related injuries account for over half of all recorded injuries.
Similar results in other countries were reported by the World Health Organization (WHO 2007 (WHO , 2008 . Therefore, the development of methods to mitigate fall-related injuries is necessary.
Several studies have attempted to reduce fall-related injuries in different ways. For example, Van Ee et al. attempted to study head injury criteria using widely used dummy (Van Ee et al., 2009a , 2009b . Roth et al. (Roth et al., 2007) and Coats et al. (Coats et al., 2007) developed infant head finite element models to clarify injury mechanisms. However, these approaches focused only on injury mechanisms, and therefore, the fall mechanisms were not clarified. We believe that the most efficient method for protecting against fall-related injuries is to diminish the probability of fall accidents. To achieve this goal, the mechanisms of fall behavior should be considered. In falls, several reflex reactions affect fall
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Masato ITO*, Akira MANO*, Yusuke MIYAZAKI*, Ryoji WATANABE** and Yoshihumi NISHIDA*** behaviors (Fig. 1) . First, internal or external triggers which is fall trigger, induces the fall. Then, avoidance reactions occur to avoid the fall. When these reactions fail, protective reactions occur to reduce damage to the body. After the protective reactions, injuries arise because of collision of the body part with contact areas such as floors (injury mechanism). Therefore, clarification of the mechanisms (including events from fall triggers to injury) is necessary to mitigate fall-related injuries. Specifically, in the case of infants, underdeveloped reflex reactions (related to low motor capabilities) may lead to fatal fall accidents. Therefore, a method for evaluating the effectiveness of these reactions should lead to efficient mitigation measures. Therefore, in this study, we focus on methods of evaluating protective reactions, which are strongly related to injury mechanisms in fall-related injuries in infants.
Previous studies have attempted to clarify the mechanism of protective reactions. Lee et al. (Lee et al., 2014) , Corbeil et al (Corbeil 2010) , Hsiao and Robinovitch (Hsiao and Robinovitch, 1998) analyzed the protective reactions in the case in which the subjects forcefully performed a protective reaction against the rapidly moving the standing floor. Hsiao and Robinovitch (Hsiao and Robinovitch, 2007) and Do et al. (Do, et al, 1982) analyzed subjects' behaviors in the case of suddenly cutting an anchor belt that attached subjects to the wall such that they were able to keep the body inclined. In these studies, subjects were young or old and the experimental setups were very different from a real-world living environment. Therefore, the effects of these differences should be clarified. We believe that the observations of natural fall behaviors in a real-world living environment and motion analysis based on these observations are necessary. Therefore, in this study, to clarify fall mechanisms, a kinematic analysis of protective reactions of infants during natural falls was conducted; methods to quantitatively divide the time of protective reactions and evaluate the effectiveness of protective reactions were developed.
Measurement of fall motions 2.1 Fall motion data
Natural infant fall behaviors were captured when the subjects were playing freely with their parents in the experimental room, which imitated a real-world living room environment. Table 1 shows the subjects' physical data and detailed information regarding motion around the time at which the fall accident occurred. A  25  83  12  Female  walking  Stumble  Both knees  2  B  33  92  13.5  Male  walking  Stumble  Both hands  3  C  17  77  10  Male  walking  Stumble  Both hands  4  C  17  77  10  Male  walking  Stumble  Both hands  5  C  17  77  10  Male  walking  Lost balance  Both hands  6  C  17  77  10  Male  pushing an object  Object slipped  Both hands  7  C  17  77  10  Male  running  Lost balance  Both hands  8  C  17  77  10  Male  running  Lost balance  Both hands  9  C  17  77  10  Male  walking  Squatted down  Both hands  10  C  17  77  10  Male  standing  Lost balance  Both hands  11  C  17  77  10  Male Fall data shown in Table 1 were captured using several video cameras; the motions were analyzed using a three-dimensional motion analysis system. The data were from a fall motion database constructed by Kakara (Kakara, 2013) and from experiment at the Tokyo Institute of Technology, Japan. Because forward falls occur most frequently among forward, backward, and side falls, only the forward fall motions were analyzed in this study. All experiments were conducted with the approval of the ethics committee of the Human Engineering Experiment Committee at the National Institute of Advanced Industrial Science and Technology and the Epidemiology Ethics Committee at Tokyo Institute of Technology.
Definitions of joint motions and degrees of freedom
The joint motions of falls were captured by digitizing the captured video files using two-or three-dimensional motion analysis software (Frame-DIAS, DKH Co., Ltd.). The captured data were saved in a biovision hierarchy data set.
In this data, the skeletal joint structure of the entire body is represented by a skeleton frame. In the skeletal model, each body part and joint has a hierarchical structure (parent-child relation) in which the translational displacement and rotational angle of the root (the hip joint) is defined by the global axis; the other parts (child parts) are defined in a local coordinate system defined in relation to the former (parent) body part. Each joint (between parent and child joint) is defined by an Euler angle; thus, the local axis, which is defined at the child joint, rotates when the parent body rotates.
The total number of degrees of freedom (DOFs) of the skeletal model is 57, because each joint has three rotational DOF and only hip joints have six DOF (three rotational and three translational). Figure 2 shows the skeletal model and its hierarchy of joints. In the skeletal model, the tip of the head, hand, and foot are defined as sites that have information regarding only the distance from the parent joints. Figure 3 shows examples of the captured skeleton data and joint angle data. The time duration of the analyzed motion is roughly one second, which includes the time from the start of the fall to landing time (when a body part other than the foot lands on the contact area). As mentioned above, the total number of DOFs of the skeletal model is 57; however, the DOFs are reduced to 31, because certain joints have only one or two DOFs. Table 2 shows the DOFs of each joint. 
Extraction of feature motion of fall by using principal component analysis
Principal component analysis is useful method to extract feature motion and compare the motions represented by multi-dimensional joint angle data. For example, Federolf et al. extracted feature motions of bipedal, tandem and one-leg stance and analyzed the postural movement strategy (Federolf et al, 2013a) and they compared the systematic differences between healthy and medial knee-osteoarthritic gait (Federolf et al, 2013b) . Murai et al. compared the skill of punch motions (Murai et al, 2009 ) and Federolf et al. quantified the skill of ski using principal component analysis (Federolf et al, 2012) . They suggested that the motions which were represented by only a few principal components were enough to compare the motions. Therefore we used principal component analysis to extract the feature motions of the fall.
In this research, a protective reaction means (as in Hsio and Do) controlling the posture of a falling motion. Therefore, input data for the principal components are joint angle data (28 DOFs) without translational degrees of freedom of the hip. Figure 4 shows the cumulative contribution ratio of each fall datum. Focusing on each principal component, a large variety of fall data appeared. However, in all falls, the cumulative contribution ratio from the first to the third is over 70%. This result indicates that the features of motion of the fall can be explained by analyzing only the first to the third principal components. Therefore, only the three principal component scores were analyzed in this study. Figure 5 and 6 show the principal component score (PCS) and the restored body motion from the first and second components of fall No. 1 and No. 5, respectively. The time-series data of the first PCS shows that the value increases as time advances. The reconstructed motion from the first principal component includes anterior inclining of the trunk and flexion of the shoulders and knees. The second PCS shows that the overall PCS starts to increase before or after the time at which the first PCS begins to increase. Focusing on the start time of the increase of the second PCS, two motion features appeared. One feature is that the increasing time is before the start time of the increase of the first PCS, as in Fig. 5 (falls No. 1, 4, 6, 7, 8, 9, 11, 13, 14, 15 , and 16, called case 1). The second feature is that the increasing time is after the start time of the increase time of the first PCS, as in Fig. 6 (falls No. 2, 3, 5, 10, and 12, called case 2).
Reconstruction of the second PCS shows that case 1 (excluding No. 4, 9, and 11) includes the abduction of the shoulder and backward inclining of trunk. On the other hand, in case 2, backward inclining and a twist of trunk occurred. The third PCS shows a periodic change of the score; the reconstructed motion shows a twist of trunk. Therefore, the third PCS may represent the motion feature related to walking. Note that a large variety among falls has appeared.
Referring to Milani Chart, which summarizes the relation between the development of motion capabilities and reactions in infants, infants must acquire righting reflexes, parachute reflexes, and tilting reflexes (Penn et al., 1977) . Therefore, when a fall motion (failure to walk) occurs, these reflexes should be used. Therefore, flexion of the shoulder, extracted from the first principal component, represents parachute reflexes. Additionally, the backward inclining of the trunk extracted in case 1 from the second principal component represents righting reflexes. Backward inclining and twisting of the trunk extracted from case 2 represents tilting reflexes. These results indicate that fall motions, which are defined as multidimensional data, include several protective reactions; these protective reactions are extracted from the analyzed data by reducing the dimensions of the principal component score. 
Quantitative detection of the start time of protective reaction using change point detection method
To analyze protective reactions, the start time and end time of protective reactions should be quantitatively evaluated. When a protective reaction begins, the transition point of the phases may be expressed in terms of physical parameters that indicate changes of posture. Therefore, posture changes were analyzed in a mathematical model; the start times of protective reactions were determined using this mathematical model.
Change point detection based on the singular spectrum transform
A method for detecting the change point from one-dimensional time series data using the singular spectrum transform (SST) was proposed (Ide and Inoue, 2005; Ide and Tsuda, 2007) . In this study, the proposed method was expanded to calculate the change point from one-dimensional data to multidimensional data. Figure 7 shows an overview of the expanded method． For the multidimensional time series data, the data matrix X is defined as X = x(1), x(2), …, x(t). The term x(t) represents the multidimensional vector at time t; thus, x(t) is defined as
(1) The submatrix H 1 (t), which represents backward data, and H 2 (t), which represents current data, are then extracted from matrix X. The length of the submatrices H 1 (t) and H 2 (t) is w.
(3) where g is a positive integer． Then, H 1 (t) and H 2 (t) are compressed and a typical data pattern is defined using singular value decompression (SVD). The right singular vector is calculated using SVD and r top-right singular vectors are extracted from H 1 (t).
U r (t) ≡ [u 1 (t),u 2 (t),…,u r (t)] (4) U r (t) represents the features of backward data patterns, because the right singular vectors are equal to the coupling coefficients of the principal component analysis; principal component analysis can extract the features of fall motion using the method described in Section 3.
In a similar way, the right singular vector H 2 (t), which is related to the maximum singular value μ(t), is extracted. After these calculations, the degree of change in the time-series data is quantitatively evaluated based on the following equation:
Results of the change point detection methods
The change point detection methods were applied to 16 falls. The results of change point detection for falls No. 1, 5, and 10 are shown in Fig.8 . The results of No. 1show a single, clear peak, and then, (based on the fall movies) the 
K(i, μ) =μ(t)
T u i (t) (6) K refers to the distance between the two spaces Ur(t) and μ(t). When z(t) = 0, no change has occurred. On the other hand, when z(t) = 1, a large change has occurred. The values r, w, and g must be decided before using this method; therefore, in this research, a parametric study determined the values as r = 3, w = 20, and g = 10.
protective reaction starts when one local peak appears. The results of No. 5 show three local peaks, at 0.27 s, 0.3 s, and 0.45 s. Using the fall movies, at 0.27 s the foot lands on the ground, at 0.3 s the subject loses his balance, and at 0. Figure 8 shows the contribution ratio calculated in Eq. (7) for the data for multiple local peaks. In Fig. 9 , the time at which the protective reaction starts is called PR (protective reaction) and the other times are called OM (other motions). PR and OM are visually confirmed by watching the fall movies. Because the shoulder and knee joints are dominant joints in the protective reaction, the quantitative extraction of the protective reaction is defined as a success only when the contribution ratio of PR is larger than that of OM. In this definition, No. 3, 5, 6, 7, and 16 are successfully extracted; however, the other fall data (No. 4, 9 and 12) could not be extracted. This means that the motions in which shoulder and knee joints are dominant are not simply protective reactions.
A summary of change point detection is shown in Table 3 . In 12 out of 16 fall data, the start time of protective reactions are successively extracted using this method. In four out of 12 successful data, one local peak value appeared. In eight out of 12 data, multiple local peak values appeared. The contribution ratio defined in Eq. (8) Similar to the results of No. 5, results that have multiple local peak values are further analyzed to (quantitatively) extract the protective reaction. Change point detection is calculated using the inner product of u i (t), which represents the current posture, and μ(t), which represents current posture, as shown in Eq. (5). Because the right singular value is equal to the coupling coefficient of the principal component score, μ(t) and u i (t) indicate the feature motion of the protective reaction and the properties of vectors representing the input joint angle data, respectively. Therefore, subtraction of u i (t) from μ(t) indicates the posture change of each joint near the time of the change point. Thus, the parameters of the vector d(t), which is calculated by subtracting u i (t) from μ(t), represents the contribution ratio of each joint to the change point.
Referring to the considerations in Section 3, the first principal component includes flexion of the shoulder and knee. Therefore in this study, the contribution ratio of shoulder and knee among the joints in which the cumulative contribution ratio is under 80% is the focus. Specifically, the contribution ratio of shoulder and knee joints in vector d(t) is defined as y 1,1 , y 1,2 , y 1,3 , … from largest to smallest. The contribution ratio without shoulder and knee joints is defined as y 2,1 , y 2,2 , y 2,3 , … from largest to smallest. The contribution ratio C in this study is given by following equation:
five out of eight data that have multiple local peak values; however, we believe that these methods can extract the start time of the protective reaction.
Consideration of the effectiveness of protective reactions using multivariate analysis
The effectiveness of protective reactions is decided based on both the duration of the protective reaction and the motor control capability (i.e., to control the posture), because the definition of a protective reaction in this study is a motion to control the posture change during a fall. In this section, the ability to control the posture is called the skill of the protective reaction. Then, the effectiveness of the protective reaction is evaluated based on the time duration of the protective reaction, as calculated using the start time of the protective reaction and the (quantified) skill of the protective reaction. 
Duration of protective reaction
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The duration of the protective reaction is defined as the time between the start of the protective reaction and the time at which both hands land on the contact area (floor or sofa). Then, the time durations in the captured data were compared. Analyzed data included 12 falls in which the start time was extracted using the change point detection method. Figure 10 shows the relation between time duration and subject age. Referring to Fig. 10 , the durations and subject age has weak correlation. The correlation coefficient was calculated except fall No.2 because only in this fall, the contact area was the sofa, however all other falls landed on the floor. Generally speaking, the physical parameters such as height, weight, and motor control ability developed with age. Therefore, the duration has a relation to age.
The skill of protective reaction
The skill of the protective reaction is determined by focusing on the motor control capabilities of the subject; skill is defined as the amount of joint angle change per unit time. The angle change per time during the protective reaction v i (average velocity) is calculated for each joint as follows:
(9)
T start and T end indicate the start time and end time of the protective reaction, respectively. x i,t indicates the rotational angle of joint i; the amount of change of rotational angle per sample is calculated to determine the sum of the change of the angle during the protective reaction. The angle change per sampling interval was decided as an absolute value because we think the skill is related to the total amount of joint angle change in protective reaction.
Fall No.2 is excluded, because the contact area is different from that of the other data. In total, 11 falls were analyzed. Then, the skill of the protective reaction was analyzed by reducing the dimensions of each joint's average velocity, as calculated by equation (9), using principal component analysis. The cumulative contribution ratio shows that the first principal component (34.8%) and second principal component explain roughly 60% of the total data (Fig.  11) . Therefore, only the first and second principal components are used in following analysis, thereby reducing the dimensions of the multi-dimensional angle data. Figure 12 shows the relation between the first and second principal components. Figure 13 and 14 show the factor loading of each joint to both principal components. The joint names in those figures correspond to the definition in table 2. The factor loading of the first principal component shows that the lower body joints have strong positive correlations (Fig. 13) . On the other hand, the factor loading of the second principal component shows that the upper body joints have strong positive correlations. To confirm this, each joint's average velocity, as calculated by Eq. (9), is classified to upper body joints and lower body joints; then the averages of the included joint velocities are calculated for each classification. Figure 15 and 16 show the relationship between the velocities of the lower body and the first principal component, and the velocities of the upper body and the second principal component, respectively. Because these graphs show a high correlation (both coefficients are greater than 0.9), the first principal component represents the joint motions of the lower body and the second principal component represents the joint motions of the upper body. Therefore, the skill of the protective reaction is evaluated based on the average velocity of the upper body and lower body, as calculated in Eq. (9), by reducing the dimensions of the multi-dimensional joint motion data. For example, the skill of fall No. 1 is higher than that of other falls because the fall is in the first quadrant, which means that the subject can move their upper body and lower body more rapidly. 
The effectiveness of the protective reaction
In this subsection, we consider a method to evaluate the effectiveness of the protective reaction based on the duration and skill of the protective reaction. Lee et al. suggested that long reaction time correlated to the high effectiveness of protective reaction by comparing the protective motion between forward and backward fall (Lee, 2014) . However a clear definition of the effectiveness of the protective reaction has not yet been provided. Therefore we assumed that the long duration of protective reaction (Fig. 10 ) and the high skill component score ( Fig. 15 and 16 ), which represents motor control capabilities, indicates highly effective protective reaction.
First, the relation between duration and skill (the first and second component scores in Section 5.2) of the protective reaction was determined; however, they had no relation ( Fig. 17 and 18 ). This result means that the duration and skill of the protective reactions should be treated as different evaluation parameters. Therefore, if the duration and skill of the protective reaction are merged, the effectiveness of the protective reaction can be quantitatively evaluated. To achieve this goal, the skill of the protective reaction, which is defined by two parameters such as the first (lower body motion) and second (upper body motion) principal component scores are merged into one parameter. Because the contribution ratio of the first and second principal components is 34.8% and 24.4%, respectively, the ratio is taken as the weight coefficient. Then, the skill of the protective reaction can be redefined as follows: Skill of protective reaction = first principal score×0.348 + second principal score×0.244 (10) Figure 19 shows the relation between duration and skill of the protective reaction. This graph explains the effectiveness of the protective reaction in a fall. For example, fall No.1 has a long-duration, high-skill protective reaction; thus, the subject has a highly effective protective reaction. On the other hand, fall No. 9 has a protective reaction of short duration and poor skill; this protective reaction was not adequate.
A clear definition of the effectiveness of the protective reaction has not yet been provided. Therefore in this paper we assumed the effectiveness of protective reaction by time duration and the skill. To confirm this assumption, we need to compare the effectiveness between the best and worst protective reactions or between fall and non-fall reactions in the future.
Conclusions
The objective of this research is to evaluate the protective reaction by kinematically analyzing infants' natural falling motions.
Natural falls captured in an experimental room, which imitated a real-world living room environment, were digitized into biovision hierarchy data. The protective reactions during the fall were evaluated by reducing the dimensions of multi-dimensional joint angle data using principal component analysis. To quantitatively evaluate the effectiveness of the protective reaction, the start time of the protective reaction was extracted using the change point detection method. Using this method, in 12 out of 16 falls, the start time of the protective reaction could be extracted. The extracted start times of the protective reactions are used as the basis of the duration and skill of the protective reactions. Using these approaches, we clarified the probability of evaluation of protective reactions based on the duration and skill of the protective reactions. A clear definition of the effectiveness of the protective reaction has not yet been provided. Therefore we need to compare the effectiveness between the best and worst protective reactions or reactions on fall and non-fall motions in the future.
